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Abstract

Artificial intelligence has been used in chemistry education for four decades, from
early rule-based tutors to today’s generative AI systems. This review examines
more than one hundred papers through the TPACK and SAMR frameworks and asks
how far increasing technical capability has changed chemistry teaching and learn-
ing. Across machine learning, generative AI, assessment, personalised learning and
laboratory instruction, most applications remain at the levels of substitution or aug-
mentation, while fewer substantially modify the learning activity. Longitudinal and
controlled evidence remains limited, and evidence for disabled and neurodivergent
learners remains sparse. Overall, technical capability has advanced further than ped-
agogical change. The educational value of AI will depend on whether it strengthens
chemical reasoning, supports authentic scientific practice and leads to durable learn-
ing.

Highlights
• AI has supported chemistry education for four decades.

• Most applications remain substitution or augmentation on SAMR.

• Generative AI changes interaction more than learning design.

• Evidence for durable learning and for equity remains sparse.
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1 Introduction

Artificial intelligence (AI) is often presented as a recent development in chemistry educa-
tion because generative AI has made it much more visible. Its educational use, however,
reaches back around four decades. One of the earliest examples is the GEORGE program,
developed in the mid 1980s as a “problem solving partner” for introductory chemistry
students. Students could enter problems involving quantities such as mass, volume and
moles and receive explanations in natural language [14]. Even at this early stage, AI was
being used to make computer-based instruction more interactive than conventional drill
and practice software. What is new, then, is not the presence of AI in chemistry education,
but the scale and capability of the systems now available. This longer history shifts the
question from whether AI can be used in chemistry education to what, after four decades
of development, it has actually changed about how chemistry is taught and learned.

Intelligent tutoring systems extended this idea in the early 1990s by connecting models of
human cognition with computer-based instruction. Constructing software to teach chemi-
cal reactivity was also seen as a way to examine pedagogy because such systems required
an explicit model of how students learn [6]. AI was beginning to serve two related pur-
poses, supporting students directly and providing a way to examine the learning process
itself. A parallel development occurred in chemical engineering, where a course combin-
ing symbolic and data-driven AI to teach first-principles modelling has operated for 35
years [97]. Over time, the field broadened from symbolic systems and intelligent tutors
to machine learning and analytics, data-driven learning, and more recently generative and
agentic AI. These developments overlap rather than replace one another, but they show
a clear expansion in what AI systems can do. Large language models can now gener-
ate explanations, solve problems, analyse information and support increasingly complex
scientific tasks. The rapid pace of change has made the experiences of early adopters
particularly valuable [111] and has brought questions of reliability, academic integrity,
dependence on AI systems and the changing role of the instructor much closer to every-
day teaching.

Figure 1: Broad historical trajectory of AI in chemistry education from 1986 to 2026,
highlighting shifts in emphasis from symbolic AI and intelligent tutors to ma-
chine learning and analytics, data-driven learning, and generative and agentic
AI.
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These developments also matter beyond the classroom because AI is becoming part of
the scientific practice students are being prepared to enter. It is already widely used in
areas such as pharmacology and biochemistry for prediction and molecular design [5].
The idea of the “hybrid chemist” captures this shift by combining experimental expertise
with computation, machine learning, automation and data stewardship. One proposed
approach integrates these capabilities into chemistry courses through laboratory mod-
ules organised around planning, execution, measurement, updating and decision-making
[9]. Against this background, this review asks how far increasing technical capability has
translated into meaningful change in chemistry teaching and learning. It brings together
more than one hundred papers identified across chemistry-specific and broader scholarly
databases. Earlier reviews have mainly addressed more recent periods of AI adoption,
broader science-education settings, or emerging educational technologies without follow-
ing the longer development of AI within chemistry education [12, 21, 37]. The focus
here is therefore not only on what these technologies can do, but on what they change
educationally.

Across the literature, five educational roles recur: teaching and explanation, assessment
and feedback, personalised and adaptive learning, laboratory instruction and simulation,
and preparation for research practice. These roles cut across technological periods. Tutor-
ing was already central to early intelligent systems [6], and automated grading appeared
well before the current generative-AI wave [41]. Figure 2 summarises these roles and
provides a map for much of the discussion that follows.

Figure 2: Five recurring educational roles of AI across the reviewed literature.

Two complementary frameworks guide the analysis. Technological Pedagogical Content
Knowledge (TPACK) considers how technological, pedagogical and content knowledge
need to come together for technology to be integrated meaningfully into teaching [62].
Here, TPACK is used mainly to consider what teachers need in order to work with AI
effectively and responsibly. The Substitution, Augmentation, Modification and Redefini-
tion (SAMR) model asks a different question. It considers how far technology changes
the learning activity itself, from replacing or extending an existing task to enabling forms
of learning that were previously difficult or impossible [29]. Across the literature, most
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applications still support, accelerate or automate activities that already existed. Fewer sub-
stantially change how students engage with chemical knowledge, and convincing cases of
genuine Redefinition remain rare. AI also introduces demands that extend beyond con-
ventional technological knowledge, including prompting skills and awareness of bias,
discrimination and hallucination [23]. SAMR levels are assigned interpretively from the
learning activity described in each study rather than as a formal coding scheme. Table 1
gives representative examples.

Table 1: Representative applications of AI in chemistry education mapped to the SAMR
framework. The examples span substitution, augmentation and modification,
while none clearly reaches Redefinition.

System / study Educational role SAMR level Source

Notebook-based
ML workshops

Introduces ML through interactive exercises
using chemical data

Augmentation [46]

ACD/Structure
Elucidator

Supports NMR structure interpretation Augmentation [82]

ChatGPT
laboratory report
drafting

Assists with laboratory report writing Substitution [36]

Automated text
scoring

Supports scoring of open-ended responses Augmentation [18, 67]

AI use detection Supports academic integrity monitoring Augmentation [83]
ChEdu and
Professor Leodar

Course-aligned Socratic tutoring Modification [92, 102]

VR laboratory
avatars

Provides interactive laboratory guidance Modification [88]

AI-generated
graphic
storytelling

Supports multimodal chemistry instruction Modification [1]

2 Machine Learning and Data-Driven Learning in Chem-
istry Education

Within the longer trajectory shown in Figure 1, machine learning marks a shift towards
students working directly with chemical data, models and predictions. In many cases, the
entry point is not machine learning itself, but a familiar chemical problem. Regression
can be introduced through molecular properties, classification through spectra, and pre-
dictive modelling through experimental or calculated datasets. Machine learning therefore
becomes part of the chemistry activity instead of a separate computational subject.

The reviewed studies show that this approach can be adapted to very different educational
settings and technical backgrounds. Some activities require little or no programming,
while others introduce students to full scientific-programming workflows. The chemistry
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likewise ranges from accessible classification problems to research-oriented molecular
and materials modelling. Table 2 gives representative examples of this range.

Table 2: Representative uses of machine learning and data-driven methods in chemistry
education across different educational contexts.

Educational
context

Chemical context Role of machine learning Source

Secondary
school

Crystal structures
and colour
chemistry

Introduces classification and
prediction through accessible,
partly codeless activities

[39, 45]

Introductory
university

Molecular and
physicochemical
properties

Introduces data processing,
regression and visualisation
through familiar chemical
datasets

[43, 46]

Undergraduate Spectroscopy and
chemical data
analysis

Uses classification, clustering
and pattern recognition to
interpret chemical data

[27, 54, 69, 71, 79,
89]

Undergraduate
research

Reaction and
process modelling

Uses predictive models to
study reaction behaviour and
limited experimental datasets

[48, 93]

Tool-mediated
learning

Chemical data
exploration,
structure analysis
and literature
discovery

Allows students to use
data-driven tools without
implementing the underlying
algorithms themselves

[24, 76, 82]

Advanced and
research-
oriented

Molecular and
materials
modelling

Connects machine learning
with scientific programming,
property prediction and
contemporary research
workflows

[4, 33, 35, 104,
105, 113]

These examples show that machine learning can enter chemistry education at very dif-
ferent technical levels. Students may interact with a guided tool, work in a notebook
environment, or construct and evaluate models themselves. At the more advanced end,
the distinction between learning machine learning and learning chemistry with machine
learning becomes less clear, as data handling, model construction and prediction begin to
resemble research practice. This broader shift has been linked to computational thinking,
metacognition and changing expectations around data and scientific practice in chemistry
[25, 100]. Earlier proposals for integrated AI assistants such as “Molly” anticipated closer
interaction between chemical knowledge, computation and intelligent systems [51]. Gen-
erative AI has since extended this interaction into more open-ended forms of problem
solving [70], which is the focus of the next section.
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Despite this technical range, the pedagogical change remains more limited. Most data-
driven and machine-learning activities still fit within substitution or augmentation on the
SAMR scale. They make chemical analysis, modelling and data exploration more acces-
sible, efficient or authentic, but generally preserve the underlying learning task. Their
educational value therefore depends less on the presence of machine learning itself than
on whether it helps students reason more effectively with chemical evidence, models and
data.

3 Generative AI and Large Language Models in Chem-
istry Education

Generative AI changes the way students can interact with computational tools. Instead
of working mainly with a predefined dataset, model or sequence of exercises, students
can ask questions, request explanations, generate text and images, interpret chemical in-
formation and use the same system during open-ended problem solving. This flexibility
makes large language models educationally attractive, but it also creates a central diffi-
culty. Chemically incorrect responses can be expressed with the same fluency and confi-
dence as correct ones [20, 36, 107]. Their educational value therefore depends not only
on what they can produce, but also on whether students and teachers can judge the quality
of those outputs.

The reported applications are already broad, ranging from explanation and laboratory
writing to course-grounded tutoring, multimodal interpretation, collaborative learning,
programming and research support. Table 3 gives representative examples.

The openness of the interaction distinguishes these systems from many earlier forms of
educational AI. A student can move from asking for an explanation to questioning a re-
sult, revising code or discussing a possible mechanism within the same system. Retrieval-
augmented generation can constrain that openness by grounding responses in selected
course materials. Professor Leodar supports computational data-science learning in ma-
terials chemistry, while ChEdu combines retrieval-augmented generation with guided So-
cratic questioning [92, 102]. At the same time, greater flexibility does not guarantee better
educational design. Chemistry-focused GPTs have shown unnecessary features, mislead-
ing descriptions of systems as “experts”, and concerns around copyrighted material[34,
80]. Performance also varies considerably across models and tasks [15, 61, 63, 83, 112].
Evaluation of the system therefore becomes part of using it educationally.

3.1 Capabilities and Accuracy of LLMs in Chemistry

Fluent language does not necessarily reflect sound chemical understanding. Chatbot ex-
planations can reproduce misconceptions and incomplete reasoning patterns similar to
those found in students [86, 103, 106]. Yik and Dood found the same problem in 255
ChatGPT explanations of organic reaction mechanisms, many of which appeared sophis-
ticated while still containing chemical inaccuracies [107]. Errors have also been reported
in calculations, chemical concepts and references [94]. The limitations become more ap-
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Table 3: Representative uses of generative AI and large language models in chemistry
education.

Educational use What the system supports Source

Explanation and
writing

Chemical explanations, laboratory-report
text and responses to chemistry problems

[20, 36, 107]

Multimodal
chemistry

Interpretation of spectra, molecular
structures and other forms of visual
chemical information

[3, 78]

Course-grounded
tutoring

Guided dialogue and responses grounded
in instructor or course material

[19, 92, 101, 102]

Collaborative and
critical learning

Chatbot-supported discussion, simulated
peer review, stories and analogies

[28, 64, 96]

Research and
computational
support

Coding, modelling, hypothesis testing,
literature work and reaction-mechanism
reasoning

[16, 26, 31, 60]

Immersive and
automated
activities

Virtual laboratories, interactive guidance
and increasingly automated experimental
work

[11, 68, 88]

parent when tasks require application and reasoning. Across 200 high-school chemistry
questions, ChatGPT and Microsoft Bing Chat performed less well on questions requiring
higher levels of reasoning [15], while performance also depended on how questions were
constructed [61]. In acid–base equilibrium problems, students and ChatGPT showed dif-
ferent error patterns: student errors often involved problem conceptualisation and misuse
of heuristics, whereas ChatGPT generally conceptualised the problems appropriately but
sometimes made mathematical or strategy-related errors [13].

Specialised chemical tasks show a similar pattern. Sharlin and colleagues evaluated seven
models on 115 NMR structure-elucidation problems and found that newer reasoning mod-
els and greater reasoning effort performed better, whereas structured prompting did not
produce consistent improvements. The strongest reasoning model exceeded undergradu-
ate student performance on this particular benchmark, although the models still struggled
to integrate some spectral features into a single chemical interpretation [78]. Current sys-
tems can therefore provide useful support while remaining vulnerable to plausible but
incorrect reasoning [19, 34]. The cumulative insight from these studies is not that genera-
tive AI is simply unreliable, but that its usefulness depends strongly on whether users have
enough chemical judgement to question, verify and, when necessary, reject its responses.

3.2 Prompt Engineering and Instructional Strategies

How students interact with a model also affects the quality of its responses. Pre-service
chemistry teachers who initially relied on simple copy-and-paste prompting improved
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both their prompts and their satisfaction with the responses after structured instruction us-
ing the “Five S” framework [87]. The requirements vary with the task. Visual generation
and interpretation were particularly sensitive to the amount of structure and detail sup-
plied in prompts [65], while explicit prompting strategies in organic chemistry improved
the plausibility of model-generated reaction products compared with unguided queries
[91]. Prompting should therefore be taught as a task-dependent skill that includes supply-
ing relevant context, checking the response and recognising when the model should not
be trusted.

4 AI-Assisted Assessment and Feedback

AI-assisted assessment in chemistry has developed from early attempts to model how stu-
dents solve problems to systems that can score written explanations, analyse reasoning
patterns and support reflection. Across these approaches, the basic promise is that AI
can identify patterns in student work more quickly and consistently than manual analysis
alone. The critical educational question is what happens after that analysis. Assessment
becomes formative only when the information produced changes subsequent teaching,
feedback or learning [7]. Figure 3 represents this distinction by placing automated analy-
sis inside a wider cycle of instructor judgement and student response.

Figure 3: AI-assisted assessment as a feedback cycle. Automated analysis can identify
patterns in student responses, while instructor interpretation and subsequent
feedback determine how that information is used for learning.

The applications reviewed here span several forms of assessment, from cognitive tutoring
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and automated grading to analysis of open-ended reasoning and AI-supported reflection.
Table 4 gives representative examples.

Table 4: Representative uses of AI in chemistry assessment and feedback.

Assessment use What AI contributes Source

Cognitive
tutoring

Models problem-solving processes and
generates worked guidance from chemical
principles

[6, 40, 72, 99]

Automated
grading

Scores student responses and handles
unexpected errors with performance
approaching human graders

[41]

Open-ended
response analysis

Classifies explanations, hypotheses,
argumentation and other forms of written
chemical reasoning

[18, 53, 56, 67, 81]

AI-use detection Uses response-pattern modelling to
identify possible generative-AI use in
assessments

[83]

Reflection and
confidence

Supports examination reflection,
confidence calibration and responsible use
of generative AI

[2, 98]

Learning
analytics and
governance

Captures student activity for analysis and
frames AI use through human-centred
educational principles

[47, 73]

The early work already illustrates an important distinction between analysing student
thinking and simply checking whether an answer is correct. Birk used expert systems to
examine approaches to chemical reactivity problems [6], while later cognitive tutors gen-
erated worked solutions for balancing chemical equations from chemical principles rather
than relying on a fixed answer bank [40]. This approach drew on a broader cognitive-
tutoring tradition developed extensively in mathematics education [72], and a controlled
evaluation in first-semester general chemistry reported significant improvements in perfor-
mance [99]. The same research tradition later produced an automated grading system ca-
pable of handling unexpected student errors with agreement comparable to human graders
[41]. In TPACK terms, such systems combine technological, pedagogical and chemistry-
specific knowledge [62], although grading itself still largely represents augmentation on
the SAMR scale [29].

Later work extended automated assessment to forms of reasoning that cannot be judged as
simply correct or incorrect. One study trained classifiers on 1,730 human-coded responses
to evaluate explanations of London dispersion forces [67]. Related approaches have been
used to classify hypotheses in organic chemistry, score performance-based items, analyse
written justifications and evaluate chemical argumentation [18, 53, 56, 81]. These systems
make it possible to analyse forms of student reasoning that were previously difficult to
score automatically, but they still depend heavily on human-coded examples and decisions
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about what counts as a good explanation or argument. Agreement with a human grader
also does not by itself demonstrate better learning. Faster and more consistent scoring can
support formative assessment, but its educational value depends on what is done with the
resulting information.

More recent work has therefore moved beyond scoring alone. AI has been used to support
structured reflection before and after examinations [98], identify possible generative-AI
use through response-pattern modelling [83], and explore whether students’ confidence
in AI-assisted answers matches their actual correctness. In one study, 101 undergraduate
pharmacy students worked through medicinal-chemistry cases with optional generative-
AI assistance, allowing confidence calibration to be examined alongside engagement
[2]. At the same time, platforms such as I3Learn can capture detailed behavioural data
for analysis [73], while human-centred approaches emphasise teacher judgement, trans-
parency and the risk of “epistemic drift” when opaque systems separate answers from the
reasoning that supports them [47]. AI can therefore extend what instructors are able to
observe and analyse, but the important issue is how that analysis is turned into feedback
that improves chemical reasoning.

5 Personalised and Adaptive Learning Systems

Personalised learning has been an ambition of AI in chemistry education from the begin-
ning. Early systems could respond to an individual question, while later systems began
to use previous performance, course context or dialogue history to shape what happens
next. The key difference is whether the system only responds to the learner in the moment
or adapts to their developing understanding over time. Table 5 summarises representative
approaches.

GEORGE provides a useful historical baseline. It acted as a “problem-solving partner”
that allowed students to enter their own chemistry problems and receive explanations in
natural language [14]. The response was personalised to the immediate question, but the
system did not keep track of what a student had previously attempted, misunderstood
or asked. Later systems moved further by using information about prior performance.
ALEKS, for example, adjusts subsequent content according to what a learner appears to
know. This is a more substantial form of adaptation, but not necessarily a better edu-
cational outcome. A controlled pretest–posttest study found that students’ self-regulated
learning skills declined over a semester of ALEKS use [32], while a more recent equity-
focused study found that machine-learning-based adaptive support maintained and partly
exacerbated educational debts in undergraduate chemistry [57]. Adaptivity therefore de-
pends as much on design as on technical capability.

Conversational systems extend personalisation in another direction. ChEdu combines
retrieval-augmented generation with guided Socratic questioning, while Professor Leodar
grounds its responses in course materials for computational data-science learning in ma-
terials chemistry [92, 102]. Other systems deliberately restrict interaction to instructor-
approved content or use conversational strategies to support engagement [38, 49, 50].
Their effectiveness still depends partly on how students use and judge them. Secondary-
school students have shown attitudes ranging from acceptance to scepticism [66], and
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Table 5: Representative approaches to personalised and adaptive learning in chemistry
education.

Approach Form of personalisation or adaptation Source

Early
problem-solving
partner

Provides explanations in response to
student-entered chemistry problems, but
does not build a continuing model of the
learner

[14]

Performance-
based adaptive
learning

Adjusts subsequent content according to a
learner’s previous performance

[32, 57]

Course-grounded
conversational
tutors

Uses course materials and guided dialogue
to provide context-sensitive support

[92, 102]

Curated and
engagement-
oriented chatbots

Restricts responses to approved content or
uses conversational strategies to support
engagement

[38, 49, 50]

Open-ended
scaffolding

Supports students while they retrieve
information, critique models and work
through less structured problems

[31, 70]

Visual and
immersive
support

Adapts the form of explanation through
narrative, visual representation or
interactive virtual environments

[1, 88]
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students differ in their ability to assess whether chatbot responses are trustworthy [109].
ChEdu and Professor Leodar are among the few examples in this review that plausibly
reach the Modification level of SAMR because the learning activity shifts from retrieving
a fixed answer to participating in a guided dialogue. They still fall short of Redefini-
tion, since the learning goals and boundaries remain largely defined by existing course
materials.

Generative AI also broadens what personalisation can involve. Students engaged in com-
putational modelling have used it to retrieve and clarify information and to test and cri-
tique their own models [31], while similar support has been reported in collaborative
industrial-design work in unit operations [70]. Personalisation can also concern how ma-
terial is represented. An AI-generated graphic story grounded in Universal Design for
Learning was used to teach protein structure through narrative and visual representation
[1], while AI-powered avatars in virtual-reality laboratory environments provide another
form of personalised guidance [88]. These approaches extend adaptation beyond selecting
the next task to changing how students encounter and work with chemical information.

Across these systems, responsiveness is much more common than genuine adaptation.
Many tools can answer an individual question or alter the form of a response, but far
fewer have been shown to build a reliable picture of a learner’s developing understanding
and use it to improve learning over time. The long-term evidence remains limited, and
the ALEKS findings show that adaptation can also have undesirable effects. Personalised
learning should therefore be judged by whether it supports stronger reasoning, greater
independence and more durable chemical understanding, not simply by how tailored the
interface appears.

6 AI in Laboratory Instruction and Simulation

Artificial intelligence is entering chemistry laboratory education at several points in the
experimental process. It can support preparation and reporting, guide students through
virtual environments, assist with experimental automation, and analyse or visualise lab-
oratory data. These applications differ substantially in educational value. Some mainly
make an existing task easier, while others allow students to engage with modelling, au-
tomation and experimental decision-making in ways that would otherwise be difficult to
incorporate into a teaching laboratory. Table 6 summarises representative examples.

6.1 Generative AI in Lab Preparation and Reporting

The most immediate use of generative AI in laboratory courses is before and after the
experiment. Large language models can help students draft laboratory discussions or sug-
gest possible modifications to experimental procedures. The same flexibility creates an
obvious limitation. ChatGPT can generate plausible laboratory-report text that contains
subtle errors [36], and suggestions for modifying experiments can be vague or chemi-
cally unsuitable even when they appear reasonable [74]. In this setting, the educational
value lies less in generating text or ideas than in requiring students to judge them against
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Table 6: Representative uses of AI and data-driven methods in chemistry laboratory ed-
ucation.

Laboratory use What AI or computation contributes Source

Preparation and
reporting

Supports laboratory writing, planning and
development of experimental ideas

[36, 74]

Modelling and
automation

Brings predictive modelling, experimental
optimisation and automated liquid
handling into laboratory activities

[68, 93]

Virtual and
immersive
laboratories

Provides interactive guidance, procedural
support and safety instruction in simulated
laboratory environments

[11, 82, 88]

Simulation and
digital data

Connects molecular simulation and
machine-readable experimental data with
computational analysis

[35, 75, 104]

Experimental
data analysis

Uses classification, regression and
generative tools to analyse, interpret and
visualise experimental measurements

[43, 84, 89, 90]

chemical knowledge and experimental constraints.

More substantial changes occur when students work directly with computational models
or automation. In an inquiry-based dry laboratory, students constructed molecular de-
scriptors and used regression to predict Diels–Alder reaction barriers [93]. A first-year
activity went further by asking students to assemble a low-cost automated liquid-handling
workstation and use it to optimise synthesis conditions for a 3d–4f cluster [68]. In such
cases, AI and automation become part of experimental reasoning itself rather than an
external tool for producing a report.

6.2 Virtual Labs and Simulations

Virtual environments extend this idea by allowing students to interact with experiments
and analytical tasks without relying entirely on a physical laboratory. AI-supported sys-
tems range from ACD/Structure Elucidator, introduced in Section 2, to virtual-reality lab-
oratories in which conversational agents guide users through procedures and safety deci-
sions [11, 82, 88]. These environments can be especially useful when repeated practice,
hazardous procedures or access to equipment would otherwise limit experimentation.

Simulation also provides access to chemical phenomena that cannot easily be explored
directly in an instructional laboratory. Machine-learning potentials have been used to
construct potential-energy surfaces for hydrogen dissociation on Cu(111) and to examine
acidity in zeolite frameworks [104]. Other activities focus on the data infrastructure be-
hind modern experimentation. FAIR-oriented laboratory exercises, for example, expose
students to machine-readable experimental metadata that can later support computational
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and AI-based analysis [75]. Attempts to integrate similar approaches into polymer chem-
istry also show that the main difficulty is often curricular and practical rather than purely
technical [35].

The SAMR distinction is useful here. Structure-elucidation software and many simulation
exercises mainly augment analytical activities that already existed. Virtual-reality guid-
ance and chatbot-mediated 3D laboratories move further because the student can interact
with a simulated environment and receive context-sensitive support during the activity.
These approaches therefore have greater potential for Modification, although the presence
of an immersive interface does not by itself demonstrate deeper learning.

6.3 Data Analysis and Visualisation in Labs

AI also changes what students can do with the data produced in laboratory and com-
putational activities. Classification and regression can be used to interpret spectra or
model chemical properties, while generative systems can assist with scientific visualisa-
tion [43, 84, 89]. The educationally stronger examples do more than replace conventional
data processing. A machine-learning version of the particle-in-a-box experiment using
cyanine-dye absorption spectra, for example, asks students to generate and test hypothe-
ses about the underlying physical model instead of simply reproducing a predetermined
fit [90].

Across these applications, the important distinction is whether AI removes students from
the experimental reasoning process or gives them new ways to participate in it. Automated
reporting can save time without changing what students understand. Modelling, simula-
tion and automation become more educationally significant when students must decide
what data to collect, how a model should be constructed, whether its output is chemically
plausible and what should happen next. The value of AI in laboratory education therefore
lies less in automating experimental work than in expanding the forms of experimental
reasoning that students can practise.

7 Reliability, Integrity, and Equity

As AI becomes more capable, the educational challenge increasingly shifts from access
to judgement. Students and teachers need to decide when an AI-generated response is
trustworthy, when AI use changes what an assessment actually measures, and whether
the benefits of these systems are distributed equitably. This places new demands on AI
literacy. Technological knowledge alone is not enough. Teachers also need prompting
skills and an understanding of bias, discrimination and hallucination [23]. Evidence from
chemistry educators suggests that these competencies are still developing. Teachers have
reported weaknesses in their own AI literacy and in their ability to design lessons that use
AI effectively [108]. Interviews with three chemistry faculty found considerable uncer-
tainty about the role of AI in student learning [58], while surveys of 100 trainee chemistry
teachers and 285 practising chemistry teachers found moderate or limited AI awareness
and continuing uncertainty about classroom application [10, 30].
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Some curricular responses already address these needs. AI concepts have been incor-
porated directly into secondary chemistry teaching [59], while a graduate biochemistry
course used several generative-AI platforms to develop understanding of transformer-
based systems alongside chemistry content [77]. The aim is not simply to teach students
how to use AI, but to connect its use with chemical reasoning, critical evaluation and
responsible scientific practice [9, 19].

The difficulty is that the technology continues to change faster than the evidence base. The
capabilities and uses of generative AI have shifted substantially within only a few years
[110, 112], while its educational benefits remain less certain [34]. Other issues receive
even less attention. Student prompts, mistakes and learning behaviour may be processed
by external providers, raising questions about privacy, while large language models also
carry environmental costs associated with substantial energy use and carbon emissions
[52]. These concerns provide the broader context for the reliability, integrity and equity
issues considered below and mapped in Figure 4.

Figure 4: Opportunities, risks and pedagogical responses associated with AI in chemistry
education. Productive use depends on evidence, human oversight, critical AI
literacy and equitable access.

7.1 Reliability as an Educational Risk

As discussed in Section 3.1, generative models can produce chemically plausible re-
sponses that nevertheless contain conceptual or factual errors. The educational risk is
greatest when students cannot distinguish a convincing explanation from a chemically
sound one. This is especially important for novices. Cognitive load theory helps explain
why [85]. Experienced chemists can often recognise an implausible mechanism or incon-
sistent explanation because they already possess organised chemical knowledge, while
students may lack exactly the knowledge required to detect the same error. Adversarial
testing reinforces this concern by showing that models can be led into confidently stated
chemical errors even on material they otherwise handle successfully [95]. Reliability
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therefore cannot be addressed only by improving model performance. Students also need
explicit practice in challenging, verifying and rejecting AI-generated chemical reasoning.
Verification should therefore be treated as part of learning chemistry with AI, not as an
additional digital skill.

7.2 Academic Integrity and Assessment Design

Generative AI changes what assessment can be assumed to measure. As discussed in Sec-
tion 3, AI-generated responses can sometimes be distinguished statistically from student
work, but detection does not resolve the deeper problem. If a system can generate a plau-
sible explanation, report or solution, an assessment based only on the final product may
no longer reveal how the student arrived there.

A more durable response is to design assessments that make student reasoning visible
through interpretation, revision and justification. Practical guidance for chemistry teach-
ers increasingly emphasises transparency, discussion of AI limitations and responsible
use rather than prohibition alone [8]. Responsibility also extends to researchers and ed-
ucators, who should disclose the role of generative AI and remain alert to its limitations
and biases [17]. Academic integrity is therefore not only about whether AI was used, but
whether the assessment still provides evidence of the student’s own chemical reasoning.

7.3 Equity and Access

Equitable access involves more than whether students can open the same chatbot. Dis-
ability and neurodivergence, language, geography, digital infrastructure and the ability to
evaluate AI output all shape who benefits from these systems. Disability and neurodiver-
gence are especially weakly represented in chemistry-education research. Work in STEM
education more broadly suggests that AI could support personalised learning when com-
bined with Universal Design for Learning principles, while also raising concerns about
algorithmic bias and student data privacy [44]. An important earlier chemistry-specific
exception developed an AI-based chemistry tutor for blind and visually impaired students
and designed it for screen-reader accessibility [42]. However, contemporary implemen-
tation and outcome evidence for disabled and neurodivergent learners remains sparse. A
professional-development model for AI-mediated inclusive chemistry teaching begins to
address this problem at the level of teacher preparation, but does not yet report outcomes
for the students it is intended to support [22]. Evidence from actual chemistry classrooms
therefore remains a clear research need.

Language and geography create a different form of inequality. Locally deployed language
models have been explored in Chinese high schools as a response to shortages in teach-
ing support and unequal access to educational resources [101]. A multilingual machine-
learning system for postsecondary chemistry takes another approach by allowing students
who are still learning the language of instruction to engage with formative assessment in
a language they command [55]. These examples suggest that AI can reduce some barriers
when localisation and linguistic diversity are treated as design requirements rather than
afterthoughts.
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Technical literacy creates another divide. Access to an AI system does not mean that a
learner can judge whether it is trustworthy. Chemistry-focused GPTs have been found
to include unnecessary features and misleading descriptions using terms such as “expert”
and “teacher” [80]. Students with less disciplinary or technical knowledge may therefore
be more easily misled by the appearance of authority. Equity also concerns who par-
ticipates in developing and evaluating educational AI. Generative AI has been proposed
as one way of supporting researchers with disabilities and broadening participation in
chemistry-education research [17]. The issue is therefore not only who can access AI, but
who can evaluate it, shape it and benefit from its use.

Across reliability, integrity and equity, the same principle recurs. Greater technical ca-
pability does not remove the need for human judgement. In many cases, it increases it.
Responsible use of AI in chemistry education therefore depends on developing the chem-
ical knowledge, AI literacy and educational structures needed to question these systems,
determine when their use is appropriate and ensure that their benefits do not remain lim-
ited to already advantaged learners.

8 Conclusions and Outlook

Four decades of AI in chemistry education show that technical capability has developed
much faster than educational practice. From GEORGE to current generative AI, the range
of tasks that can be supported or automated has expanded considerably [14, 111]. Yet most
applications reviewed here still fall within substitution or augmentation, while convincing
examples of Redefinition remain rare [29, 62]. This does not reduce the importance of
AI in chemistry education. It means that its value depends on how it is used. Students
are increasingly expected to combine chemical knowledge with computation, data han-
dling, automation and reproducible workflows [9], while teachers need to decide where
AI genuinely supports learning and where it simply makes an existing task faster.

The evidence is still limited in several important ways. Most studies concern individual
courses or short interventions, and there is little evidence that reported gains persist after
the tool is removed or transfer to unfamiliar chemical problems [63, 112]. Open and
locally deployable systems, specialised chemistry GPTs and immersive environments also
need to be compared more directly in terms of learning outcomes, chemical accuracy,
usability, cost, privacy and accessibility [1, 19, 80, 88]. These priorities extend from better
evaluation of current tools to longer-term questions about how AI should be integrated into
chemistry teaching and research, as outlined in Figure 5.

The stakes will increase as AI moves from explaining chemistry to participating more
directly in chemical work. Language models are already being used to support mechanism
analysis, troubleshooting and experimental reasoning [16]. Recommending an experiment
or synthesis route, however, carries different consequences from explaining one after the
fact. As these systems become more involved in scientific practice, chemical judgement,
human oversight and clear standards for their use will matter more, not less [34, 47]. The
next phase of AI in chemistry education should therefore be shaped by what students
actually learn from these systems and by how well they are prepared to use them critically
in real chemical practice.
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Figure 5: Roadmap for AI in chemistry education across near-, medium- and long-term
priorities, supported by teacher preparation, benchmark datasets, evaluation
standards and governance.
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